As an inheritable epigenetic modification, DNA methylation plays important roles in many biological processes. The non-uniform distribution of DNA methylation across the genome implies that characterizing genome-wide DNA methylation patterns is necessary to better understand the regulatory mechanisms of DNA methylation. Although a series of experimental technologies have been proposed, they are cost-ineffective for DNA methylation status detection. As complements to experimental techniques, computational methods will facilitate the identification of DNA methylation status. In the present study, we proposed a Naïve Bayes model to predict CpG island methylation status. In this model, DNA sequences are formulated by "pseudo trinucleotide composition" into which three DNA physicochemical properties were incorporated. It was observed by the jack-knife test that the overall success rate achieved by the proposed model in predicting the DNA methylation status was 88.22%. This result indicates that the proposed model is a useful tool for DNA methylation status prediction.
Introduction
Gene expression is a complicated biological process that can be regulated not only by genetic mechanisms, but also by epigenetic mechanisms. DNA methylation is one of the major epigenetic modifications, which involves the addition of a methyl group (CH 3 ) to the carbon-5 position in the pyrimidine ring of the cytosines of CpG dinucleotides [1, 2] . DNA methylation is essential for normal development and is associated with a number of key biological processes including genomic imprinting, X-chromosome inactivation, suppression of repetitive elements, aging and cancer [3] [4] [5] [6] .
Since the methylated C residues can spontaneously deaminate to form T residues, the CpG dinucleotides are underrepresented in the human genome [7] . Although most CpGs are methylated in the genome, there are also unmethylated CpGs that group into clusters called CpG islands (CGIs) and account for 1-2% of the mammalian genomes. Most of the CGIs are located in promoter regions; however, they also exist within the bodies of genes and within gene deserts [8] . Recent studies have demonstrated that the methylation status of CGIs in promoter regions differs from methylation status elsewhere [9] . For example, compared with that in promoter regions, the methylation status of CGIs in gene bodies can be extensively methylated or unmethylated [9] .
Methylation in the immediate vicinity of the TSS blocks transcription initiation, while that in the gene bodies may stimulate transcription elongation, indicating that the position of the methylation in the transcriptional unit influences its relationship to gene control [9] and may correlate with tissue specific gene expression patterns [10] . The nonuniform distribution of methylated CpG sites across the genome and the important roles of methylation in biological processes imply that characterizing genome-wide DNA methylation patterns is necessary to better understand the regulatory mechanisms of DNA methylation.
In the past decade, various experimental techniques, such as methylation-specific PCR [11] , bisulfite sequencing [12] and methylation microarrays [13] , have been proposed to detect genome-wide DNA methylation patterns. However, experimental approaches are expensive to perform the genome-wide analysis of DNA methylation. As complements to experimental techniques, a series of computational methods have been developed to speed up genome-wide DNA methylation detections. Based on DNA composition features, Bhasin et al. proposed a method to predict the methylation of single cytosines and obtained an accuracy of~75% [14] . By employing nearest neighbor algorithm, Lu et al. reported an accuracy of~77% for predicting CpG methylation status by using the optimal pentamers [15] . Recently, by integrating DNA composition, DNA structure, histone modification marks, and functional annotations of nearby genes, Zheng et al. proposed a support vector machine based model to predict the methylation status of CGIs [16] . All these methods yield quite encouraging results, and each of them did play a role in stimulating the development of this area.
However, the accuracies are still not satisfactory and the performance of these methods should also be improved further. Therefore, there is an urgent need to develop efficient computational tools for DNA methylation predictions, which will be a great help to identify the key features and pathways that are correlated with DNA methylation.
Keeping this in mind, in the present study, a Naïve Bayes model was proposed to predict the CpG island methylation status. By using the pseudo trinucleotide composition (PseTNC) as the input feature vector of Naïve Bayes, the long-range sequence-order effects and DNA physicochemical properties were integrated together. In the jackknife test, the proposed model obtained an overall accuracy of 88.22% for identifying the CGI methylation status in the benchmark dataset. To demonstrate its effectiveness, the model was also applied to identify methylated CpG islands in different tissues/cell types and yielded encouraging results.
Materials and methods

Dataset
The high resolution DNA methylation profiles were obtained from the Human Epigenome Project (HEP). The methylation status was determined by bisulfite sequencing. The current dataset contains approximately 1.9 million CpG methylation values, obtained from the analysis of 2524 amplicons across human chromosomes 6, 20 and 22 in 43 samples derived from 12 different tissues/cell types [17] . The methylation values of CpG sites range from 0 to 100, where 0 corresponds to the lowest and 100 to the highest methylation intensity, respectively. Since the difference of methylation status among different cells is lower [17] , the present study only used the data from the CD4 + T lymphocyte cell to train the models. According to the Gardiner-Garden criteria [18] , i.e., a CpG island (CGI) should be with length of ≥ 200 bps, GC content ≥ 50%, and observed to expected CpG ratio ≥ 0.6, we extracted the CGIs from the UCSC genome browser. The methylation status of a CGI is determined by the average of all the methylation values of CpG sites within it. If the CGIs with the average methylation values are no less than 50 and more than 10% of whose CpG are methylated, they are regarded as methylated; while the CGIs with the average methylation values less than 10 are regarded as unmethylated.
As elaborated in [19] , a dataset containing many redundant samples with high similarity would be lack of statistical representativeness. A predictor, if trained and tested by such a biased benchmark dataset, might yield misleading results with overestimated accuracy [20] . To get rid of redundancy and avoid bias, the CD-HIT software [21] was used with the cutoff threshold set at 80% to remove those DNA fragments with high sequence similarity. Finally, we obtained a benchmark dataset containing 240 methylated CpG islands (mCGI) and 210 unmethylated CpG islands (umCGI), respectively.
DNA sequence formulation
As indicated in a recent work [22] , one of the keys in developing a method for identifying DNA attributes is to formulate the biological samples with an effective mathematical expression that can truly reflect their intrinsic correlation with the target to be predicted. Suppose a DNA sequence with L nucleic acid residues, R 1 R 2 R 3 …R i …R L , where R i is the residue at position i and it can be adenine (A), cytosine (C), guanine (G), or thymine (T). The straightforward method to formulate the DNA sequence is using its nucleic acid composition as given below.
where f(A), f(C), f(G), and f(T) are the normalized occurrence frequencies of adenine, cytosine, guanine, and thymine in the DNA sequence. However, it missed the sequence order information. If using the dinucleotide composition, i.e. f(AA), f(AC), f(AG), …, f(TT) to represent the DNA sequence, although the most contiguous local sequence order information is included, none of the global sequence order information is reflected by the formulation.
To deal with this problem, the pseudo dinucleotide composition (PseDNC) was proposed to represent DNA sequences by incorporating the global sequence order information into the feature vector and has been applied for predicting the recombination spots [22] and nucleosome positioning sequences [23] . Recently, a flexible web-server, called 'pseudo k-tuple nucleotide composition (PseKNC)', was developed to generate pseudo k-tuple nucleotide compositions [24] . According to Eqs. (15)- (16) in [24] , the pseudo k-tuple nucleotide composition can be defined as,
where
) is the normalized occurrence frequency of the non-overlapping k-tuple nucleotides in the DNA sequence. λ is the number of the total counted ranks (or tiers) of the correlations along a DNA sequence, and w is the weight factor. It is through the λ correlation factors that not only considerable global sequence-order effects can be incorporated but the DNA sequences with extreme difference in length can also be converted into a set of feature vectors with a same dimension [22] . The concrete values for λ and w as well as k will be further discussed in Section 3.1; while the correlation factor θ j represents the j-tier structural correlation factor between all the j-th most contiguous k-tuple nucleotide T i = R i R i + 1 …R i + k − 1 and is defined as,
For example, θ 1 is called the first-tier correlation factor that reflects the sequence order correlation between all the most contiguous ktuple nucleotide along a DNA sequence (Fig. 1a) ; θ 2 , the second-tier correlation factor between all the second most contiguous k-tuple nucleotide (Fig. 1b) ; θ 3 , the third-tier correlation factor between all the third most contiguous k-tuple nucleotide (Fig. 1c) ; and so forth. The correlation function Θ(T i , T j ) is given by
where v is the number of DNA physicochemical properties.
DNA local structural property parameters
Since DNA methylation is closely correlated with nucleosome positioning [25] , the three trinucleotide physicochemical properties, i.e. bendability [26] , nucleosome-rigid [27] and nucleosome-positioning [28] that can measure nucleosome-forming abilities were selected for the construction of PseKNC, and their concrete values are given in Table 1 . Therefore, in the present work, k is equal to 3 meaning that the pseudo trinucleotide composition was used, and v is also equal to 3 reflecting the number of DNA physicochemical properties considered. P u (T i ) is the numerical value of the u -th(u = 1, 2, 3) property for the trinucleotide T i at position i, and P u (T j ) is the corresponding value for the trinucleotide T j at position j.
Note that before substituting them into Eq. (5), all the original values P u (T i )(u = 1, 2, 3) were subjected to a standard conversion, as described by the following equation,
where the symbol b N means taking the average of the quantity therein over the 64 different trinucleotides, and SD means the corresponding standard deviation. The converted values obtained in Eq. (6) will have a zero mean value over the 64 different trinucleotides, and will remain unchanged if going through the same conversion procedure again.
Naïve Bayes
Naïve Bayes is an effective statistical classification algorithm and has been successfully used in the realm of bioinformatics [29] [30] [31] . Naïve Bayes assumes the attribute variables to be independent from each other given the outcome. This assumption greatly simplifies the calculation of conditional probabilities.
In the Naïve Bayes framework, a classification problem can be seen as the problem of finding the outcome with maximum probability given a set of observed variables. Given an example, described by its feature vector F = (f 1 , f 2 , …, f n ), we are looking for a class C that maximizes the likelihood P(F|C) = P(f 1 , f 2 , …, f n |C). Since the current work is intended to classify mCGI and umCGI, a binary class C ∈ {0,1} was generated, where 1 denotes that the sample was predicted as mCGI and 0 denotes umCGI. For the binary classification, the class for the DNA sample could be determined by comparing two posteriors as
Taking the logarithm of Eq. (7), we obtain
Hence the sample will be predicted as 1 (mCGI) if
and 0 (umCGI) otherwise. ξ is the threshold determining the trade-off between sensitivity and specificity, and can be trained on the training dataset to maximize the prediction performance. 
Table 1
Concrete values of the three physicochemical properties for trinucleotides. 
Performance evaluation
The performance of the proposed model was evaluated using sensitivity (Sn), specificity (Sp), Matthew's correlation coefficient (MCC) and accuracy (Acc), which are expressed as
TP, TN, FP and FN represent the number of the correctly recognized mCGI, the number of the correctly recognized umCGI, the number of umCGI recognized as mCGI and the number of mCGI recognized as umCGI, respectively.
Cross-validation
Three cross-validation methods, i.e., independent dataset test, subsampling (or K-fold cross-validation) test, and jackknife test, are often used to evaluate the anticipated success rate of a predictor. Among the three methods, however, the jackknife test is deemed the least arbitrary and most objective one as demonstrated in Eqs. (28)- (32) of [19] , and hence has been widely recognized and increasingly adopted by investigators to examine the quality of various predictors [32] [33] [34] [35] [36] . Accordingly, the jackknife test was also used to examine the performance of the model proposed in the current study. In the jackknife test, each sequence in the training dataset is in turn singled out as an independent test sample and all the rule-parameters are calculated without including the one being identified.
Results and discussions
Parameter optimization
Accordingly, by using PseTNC, each sequence in the benchmark dataset was represented by a discrete vector as defined in Eq. (2). The Naïve Bayes was used to perform classification. As we can see from Eqs. (2)- (3), the predictive accuracy of the present model depends on the two parameters w and λ. w is the weight factor usually within the range from 0 to 1, and λ is the global order effect. Generally speaking, the greater the λ is, the more global sequence-order information the model contains. However, if λ is too large, it would reduce the clustertolerant capacity so as to lower down the cross-validation accuracy due to over-fitting or "high dimension disaster" problem [37] . Therefore, our search for the optimal values of the two parameters is in the range of w ∈ [0, 1] and λ ∈ [1, 10] with the steps of 0.1 and 1, respectively.
In order to reduce the computational time, the 5-fold crossvalidation approach was used to optimize the two parameters. We found that when w = 0.3 and λ = 5, a peak was observed for the Acc (Fig. 2) . Accordingly, the two numerical values were used for the two uncertain parameters in the following analysis.
Prediction quality
The prediction quality measured by the four metrics defined in Eqs. (10)- (13) of the present model in identifying mCGI in the benchmark dataset via the rigorous jackknife test was listed in Table 2 . As shown in Table 2 , an accuracy of 88.22% was obtained for identifying mCGI in the CD4 + T lymphocyte cell. As a comparison, the corresponding results obtained by using the trinucleotide compositions on the same benchmark dataset are also reported in Table 2 . We found that the predictive results obtained by using pseudo trinucleotide composition are higher than that obtained by using trinucleotide composition, indicating that the pseudo trinucleotide composition can provide additional information for CGI methylation status predictions.
Demonstration on other tissues/cell lines
Furthermore, the model trained on the data from the CD4 + T lymphocyte cell was also applied to identify mCGI in the following human tissues/cell types, namely CD8 + T lymphocyte cell, heart muscle and plancata. According to the Human Epigenome Project [17] , we obtained 246, 252 and 258 mCGIs, and 201, 199, and 226 umCGIs in the above tissues/cell types, respectively. The predictive accuracies obtained by the present model are all over 80% for identifying mCGI in these tissues/cell types, which are also higher than those obtained by using trinucleotide composition (Table 2 ). All these results indicate that the proposed method is a promising approach for identifying mCGI, or at least can play a complementary role to the existing method in this area.
Conclusions
Genome-wide studies of the methylome have demonstrated that DNA methylation is associated with a number of key biological processes and plays important roles in cell development and differentiation. Although our understanding of DNA methylation is still in its infancy, it is clear that the methylation status of a CGI is highly correlated with transcription. Therefore, the determination of methylation status of CGIs will facilitate our understanding of the regulatory roles of DNA methylation in transcription.
In the present study, we proposed a Naïve Bayes based model for predicting methylation status of CGIs by using pseudo trinucleotide compositions and found that the jackknife predictive results of pseudo trinucleotide composition are better than those of trinucleotide composition. This is due to the addition of the DNA physicochemical properties of trinucleotides, namely bendability, nucleosome-rigid and nucleosomepositioning. In mammalian cells, DNA methylation is catalyzed by DNA methyl-transferases (DNMTs) that need to recognize and bind with specific genomic regions [2] . As an intrinsic property of DNA sequences, bendability contains the information depicting DNA structures [26] , which plays important roles in DNA-protein interactions. The other two properties (nucleosome-rigid and nucleosome-positioning) may provide clues about the interaction between DNA methylation and nucleosome positioning that is also a key factor for DNA methylation regulations.
Although the model is trained based on the data from the CD4 + T cell, it is encouraging to see that the predictive results of the model for predicting methylation status of CGIs from other tissues/cell types are also quite good, which agrees with the fact that the difference of methylation status among different tissues/cell types is lower [17] . These results also demonstrated that our model is helpful for DNA methylation detections.
As an epigenetic modification, DNA methylation is a complicate progress. Besides sequence context and DNA physicochemical properties, it is also affected by other factors, such as transcription factors, histone methylation modifications and histone acetylation modifications. For better understanding of the biological function of DNA methylation, in the future work, we will combine all these factors and develop new models to identify the methylation status of CGI. 
